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Abstract 
The wide use of rolling-element bearing makes the bearing’s fault diagnosis and fault evaluation of great significance. 
An adaptive algorithm based on stationary wavelet packet decomposition and Hilbert transform is proposed to extract 
the bearing fault characteristic component from the vibration signals. Then based on the extracted fault characteristic 
component, a fault evaluation factor is defined. Simulations show that the proposed algorithm can extract the bearing 
fault characteristic component with fewer computational workloads and less data storage. The change trend of the 
fault evaluation factor provides the suggestion of the time for the replacement of bearing. 
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1. Introduction 
According to an IEEE motor reliability study in [1], rolling-element bearing faults are the most frequent 
faults in induction machines (about 41%). As the Induction motors are widely used in all kinds of the 
present industry applications due to their simple construction, high reliability and the availability of power 
converters using efficient control strategies, the bearing faults diagnoses become more important for 
increasing the productivity, reliability and safety of the entire installation. 
In the general engineering applications, a slight fault may not affect the normal operation of equipment. 
Bearing should be replaced only after its failure has achieved a certain degree. Furthermore, early fault 
detection, diagnosis, and prognosis allow preventative and condition-based maintenance to be arranged for 
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the motor system during scheduled downtimes and prevent an extended period of downtime caused by 
extensive system failures, which improves the overall availability and performance, while reducing 
maintenance costs [2]. Therefore, the fault diagnosis and fault severity degree evaluation of rolling 
bearings is of great significance to the on-line monitoring and the maintenance of equipment and 
machinery, and can extend equipment life and lower production cost. 
The main steps of a diagnostic procedure can be classied as follows [3]: 
(1) Use of sensors to obtain information. 
(2) Signature extraction. 
(3) Fault identication and fault severity evaluation. 
When rolling-element bearing fails, the local damage components under high frequency vibration will 
stir up the characteristic frequency vibration of bearing system. The vibration signals are still the main 
information used for rolling bearing fault diagnostic [4, 5].  
This paper is organized as the fault diagnostic procedure. The first part gives a model for a single-point 
defective bearing. The second part chooses an algorithm to adaptively extract the fault signature according 
the bearing defect characteristic frequencies. The third part defines a fault severity degree evaluation factor 
based on the energy ratio of the extracted fault components to the bearing vibrational signals. The last part 
gives examples to show the effectiveness of the proposed methods. 
2. Fault signature extraction algorithm 
When rolling-element bearing fails, the local damage components under high frequency vibration will 
stir up the characteristic frequency vibration of bearing system. As the amplitude of the high-frequency 
vibration of the rolling-element bearing is modulated by the pulse excitation force, the vibration signal of 
rolling-element bearing failure has the performance of non-stationary characteristics. The vibration signal 
contains the fault characteristic frequency of a family of harmonics, which are the Fourier components of 
periodic signal. Thus their phases are interconnected. And there is a quadratic phase coupled between the 
local damage vibration signals. Therefore, the bearing failure vibration signal is a nonlinear, non-stationary 
and non-Gaussian signal [6]. 
As a new analysis method for nonlinear and non-stationary time series, wavelet transforms has been 
proved to be a good tool to extract signature from such signals. But the general fault signature extraction 
algorithm based on wavelet transform decomposed the bearing vibration signal into lots of components to 
select the right component and analyze the component to detect the fault signature, which will leads to the 
high computational workload and data storage requirements, thus the corresponding algorithm cannot be 
applied to real-time online fault detection. On the other hand, only the components containing fault 
information will be used to detect faults, and the rest of the components are meaningless for fault detection. 
An adaptive characteristic frequency component extract algorithm has been developed based on 
stationary wavelet packet decomposition and Hilbert transform. This algorithm chooses stationary wavelet 
packet decomposition as the pretreatment of Hilbert transform and the extractor of characteristic frequency 
components. Through one-level stationary wavelet packet transform, signal will be decomposed into the 
high- and low-frequency narrow-band components. Then Hilbert transform was used to calculate the 
instantaneous frequency and instantaneous amplitude of the high- and low-frequency narrow-band signals. 
According the bearing defect characteristic frequencies, this method can adaptively choose the 
decomposition paths and levels of the stationary wavelet packet decomposition until all characteristic 
components have been extracted. In order to reduce the computational workload and data storage, this 
paper only decomposes the components which contain the fault component according to the calculated 
bearing fault frequency. The detailed fault characteristic frequency components extract algorithm can be 
found in [7] and [8]. 
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3. Fault severity degree evaluation 
For the fault detection problem, we would like to know if a fault exists in the system via online 
measurements. For the fault diagnosis problem, we do not only want to detect if the system has a fault, but 
we also want to isolate the fault and to find its causes. For the fault prognosis problem, in addition to 
diagnosing the fault, we would also like to estimate the remaining life of the equipment. Thus we need to 
evaluate the fault severity degree. 
As the mechanical fault signal contains information not only about the machine health condition but 
also the severity of fault. The most commonly used measure of fault severity is the energy value in 
frequency or time-frequency domain.  
For any vibration signal of rolling-element bearing, which is ( )x t , if the fault characteristic frequency 
component extracted by the above algorithm is ( )f t , the fault severity degree evaluation factor can be 
defined as 
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where N is the number of the sampling data. 
4. Applications to bearing data 
4.1. Bearing fault signal 
All the bearing vibration data analyzed in this paper are kindly provided by Case Western Reverse Lab 
[9, 10]. The bearing fault test stand consists of a 2hp, 3-phase induction motor (left), a torque 
transducer/encoder (center) and a dynamometer(right) connected by a self-aligning coupling (center). The 
dynamometer is controlled so that desired torque load levels can be achieved. The test bearing supports the 
motor shaft at the drive end. Single point faults were introduced into the test bearing using electro-
discharge machining.  The fault sizes are 0.1778, 0.3556, and 0.5334 mm in diameter and 0.2794 mm in 
depth. Vibration data was collected using accelerometers, which were attached to the housing with 
magnetic bases. Vibration signals were collected using a 16 channel DAT recorder at 12,000 samples per 
second. This paper uses the inner raceway defect signal for bearing fault detection and fault severity degree 
evaluation. 
4.2. Fault characteristic frequency component extraction 
In order to reduce the computational workload and data storage, the proposed fault characteristic 
frequency component extraction algorithm of this paper, which is based on stationary wavelet packet 
decomposition and Hilbert transform, only extract the Wavelet coefficients containing the fault component 
according to the calculated bearing fault frequency. The results of bearing fault characteristic frequency 
component extraction are shown in Fig. 1. 
Fig. 1(a) is the bearing vibration signal waveform. From its amplitude spectrum shown in Fig. 1(b), the 
characteristic frequency of inner raceway fault, which is 162Hz, can be found. Fig. 1(c) is the inner 
raceway fault component, which is extracted from the vibration signal waveform as shown in Fig. 1(a).  
The mean value of the instantaneous frequency is 161. 6929 Hz, while the fault characteristics frequency is 
162 Hz, as shown in Fig. 1(e). 
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Fig. 1. (a) bearing vibration signal waveform; (b) single-sided amplitude spectrum of vibration signal; (c) inner ring 
fault characteristic frequency component; (d) single-sided amplitude spectrum of fault component; (e) instantaneous 
frequency of fault component; (f) instantaneous amplitude of fault component. 
As the paper only decomposes the components which contain the fault component according to the 
calculated bearing fault frequency, this proposed fault extracted algorithm has the advantage of less 
computational workload and data storage. 
4.3. Fault severity degree evaluation results 
The results of the bearing fault severity degree evaluation are shown in Fig. 2. 
 
 
Fig. 2. Fault severity degree evaluation factor vs. fault size (note:○1772r/mim,
 
▽1750r/mim, and □1730r/mim). 
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At the initial stage of the bearing defects, the fault size is still very small. Therefore, the initial value of 
the fault severity degree evaluation factors will be relatively small. With the development of bearing 
failure，the vibration caused by the bearing defects, which has the fault characteristic frequency, will 
further enhanced. Thus the value of fault severity degree evaluation factors will increase. 
When the bearing’s failure has achieved a certain degree, the edge of the fault cavity is smoothened out, 
leading to the decrease in the strength of sharp impulses. As such, the contribution of the associated 
frequency component to the low frequency envelope signal diminishes. There will be an inflection point 
with the upward trend into a downward trend in the whole curve, as shown in Fig. 2. And it is the time for 
the bearing to be replaced. 
It is worth to point out that, for a healthy bearing, the fault characteristic components does not exist and 
hence the fault severity degree evaluation factor cannot be calculated. The healthy bearings are simply 
screened out at this stage without going to the next stage. This is an advantage of the proposed method due 
to the reduced computational effort. 
5. Conclusions 
Based on stationary wavelet packet decomposition and Hilbert transform, an adaptive algorithm is 
proposed to extract the bearing fault characteristic component from the vibration signals. As the proposed 
algorithm extract the fault components according the bearing characteristic frequency, the algorithm only 
extract the wavelet decomposition parameters containing the bearing fault frequency. Thus the algorithm 
has the advantage of fewer computational workloads and less data storage than the other signature 
extraction algorithms.  And the defined fault evaluation factor will provide the suggestion of the time for 
the replacement of the failed bearing. 
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